Abstract An artificial neural network, mid-to long-term runoff forecasting model of the Nenjiang basin was established by deciding predictors using the physical analysis method, combined with long-term hydrological and meteorological information. The forecasting model was gradually improved while considering physical factors, such as the main flood season and non-flood season by stage, runoff sources and hydrological processes. The average relative errors in the simulation tests of the prediction model were 0.33 in the main flood season and 0.26 in the non-flood season, indicating that the prediction accuracy during the non-flood season was greater than that in the main flood season. Based on these standards, forecasting accuracy evaluation was conducted by comparing forecasting results with actual conditions: for 2001 to 2003 data, the pass rate of forecasting in the main flood season was 50%, while it was 93% in the non-flood season; for 2001-2010, the respective values were 45% and 72%. The accuracy of prediction was found to decrease as the length of record increases.
INTRODUCTION
Mid-to long-term runoff forecasting is a popular and important method of prediction to enable full utilization of water resources, optimal reservoir operation, and economic operation of power plants. However, river runoff yield and concentration are influenced by many factors with complex mechanisms; thus, the resulting complexity and randomness of mid-to longterm runoff forecasting at the basin level has poor reliability (Wang 1993 , Porporato and Ridolfi 1997 , Sivakumar et al. 1999 , Miao 2007 , Peng 2007 . Midto long-term runoff forecasting currently includes two primary categories: physical cause analysis based on weather (climate) conditions and many other factors, and time series analysis based on self-laws of hydrological factors (Huang et al. 1985, Huang and Jin 2005) . New mid-to long-term runoff forecasting techniques, such as the fuzzy mathematical method (Wang 1992) , the artificial neural network (ANN) method (Hsu et al. 1995 , Hu et al. 1995 , Ding et al. 1997 , Huang et al. 2004 , grey system theory (Xia 1993, Chen and Li 1996) , multi-layer hierarchical forecasting methods (Wang et al. 1999) , chaotic dynamics (Wolcox et al. 1991, Jayawardena and Lai 1993) , fractal theory (Tokinaga et al. 1997) , optimal combined forecasting methods (Nong and Jin 2004) , wavelet analysis (Cao et al. 1995 , Li et al. 1999 and support vector machines (Li et al. 2006, Lin and Cheng 2006) , have been constantly emerging. However, these methods can all be classified as physical cause analyses and time series analyses.
In this study, the Nenjiang basin in northeastern China was used to develop a model by: (a) determining predictors based on qualitative analysis and quantitative identification; (b) establishing mapping relationships between predictors and forecast projections using an artificial neural network (ANN) mid-to long-term runoff forecasting model; and (c) considering the main flood season and non-flood season, as well as other physical factors, such as runoff sources, and predictors in different seasons, to improve the model. The results indicate that it is feasible for midto long-term runoff forecasting to be accomplished for the Nenjiang basin.
In the following sections, the hydrological characteristics of Nenjiang basin are described (Section 2), then predictors of mid-to long-term runoff forecasting are selected according to quantitative sensitivity analyses (Section 3). In Section 4, details of the construction of the BP network, including sample organization, parameter selection and error statistics methods, are described and, in Section 5, ways to improve the forecasting model and the results are presented. Finally, forecasting accuracy of the improved model in flood and non-flood seasons is provided, and some experiential suggestions are proposed for improving the accuracy of mid-to long-term runoff forecasting.
STUDY AREA, METHODS AND DATA

Study area
The Nenjiang basin has an area of about 0.32 × 10 6 km 2 and serves as the northern source of Songhua • 30 E; 48
• 30 E) consist of flood peak/flood volume data, monthly runoff data and 10-day runoff data that have been collected since 1794, 1898 and 1951, respectively. In this study, factors such as streamflow, water control conditions and data completeness for the upper catchment area of Nierji hydrological station (Nierji section) were used to develop the model.
Methods
The ANN approach is an effective method to simulate complex nonlinear relationships, and many studies have shown the reliability of mid-to long-term runoff forecasting based on ANN (Cai and Yao 1995 , Cheng et al. 2005 , Peng 2007 , Vivekanandan 2011 .
The back-propagation (BP) network is a multilayer feed-forward system trained based on the error back-propagation algorithm, and is one of the most widely used neural network training algorithms. Yuan et al. (2002) provide a detailed description of the BP neural network.
Data
The hydrological data of the Nierji section consisted of monthly runoff series from 1970 to 2010 provided by the Hydrological Bureau of the Songliao Water Resources Commission. Atmospheric circulation data consisted of monthly mean values of 74 atmospheric circulation factors, collected from 160 testing stations between 1955 and 2010, provided by the National Climate Center, USA.
PREDICTOR SELECTION FOR MID-TO LONG-TERM RUNOFF FORECASTING
Hydro-meteorological features
The polar vortex (large-scale upper cyclonic circulation at high altitude around the North or South Pole), which is an important atmospheric circulation factor that can affect weather and climate changes in most of China, is constantly changing in position and intensity. Circulation indices of the mid-latitude area of the Northern Hemisphere can reflect the characteristics of the polar front strength and displacement; therefore, they are commonly used in hydrological climate prediction. Li et al. (2002) discussed the effects of the polar vortex and zonal circulation on hydro-meteorology in the Nenjiang River basin.
The Tibetan Plateau has a thermal and dynamic impact on atmospheric circulation. Although no studies of the influence of the Tibetan Plateau on the hydro-meteorology of the Nenjiang River basin have been conducted to date, analysis of the relationship between the Tibetan Plateau and atmospheric longwave radiation has indicated that the Tibetan Plateau has an obvious impact on flood/drought events during flood seasons of the Yangtze River, as well as on atmospheric circulation in East Asia (Huang 1986 ). Analysis of hydro-climatic characteristics of the Nenjiang River basin can provide a theoretical basis for predictor selection.
Therefore, the following mid-to long-term runoff forecasting factors of the Nenjiang River basin were selected for this study: polar vortex size and strength index, mid-latitude circulation indices and the Tibetan Plateau circulation index.
Predictor calibration
The formation of river runoff is affected by many factors that have different degrees of impact. In this study, comprehensive analysis of various factors was conducted to identify physical cause predictors. Sensitivity analysis is an important method for investigating the response of hydrological factors to climate change (IPCC 1995 (IPCC , 2001 . Global sensitivity analysis considers the interactions among dependent variables, while focusing on the degree of impact of independent variables on dependent variables. Therefore, global sensitivity analysis is suitable for most practical problems. Li et al. (2010) calculated the sensitivities of 20 key atmospheric circulation factors in the Nenjiang basin for a year using a nonlinear global sensitivity analysis method based on the BP algorithm. In this study, the top four factors from that study were selected as atmospheric circulation predictors: the polar vortex size index of the Northern Hemisphere, the Tibetan Plateau B index, the Asian polar vortex strength index and the zonal circulation index.
The same global sensitivity analysis method was used by Li (2012) to identify flood season predictors, and the top four were selected for this study: the Tibetan Plateau B index, the East Asia trough intensity, the polar vortex size index of the Northern Hemisphere and the Eurasian zonal circulation indexes.
Floods in the mainstream of the Nen River are transmitted at an uneven speed; therefore, there are differences in travel time as a flood moves from an upstream station to an adjacent downstream station, or for different floods recorded by the same station (Yang et al. 2000) . The flood transmission times from the upstream station to the adjacent downstream station are summarized in Table 1 .
Nierji station is located between Ayanqian station (AYQ) and Tongmeng station (TM), so its flood transmission time is about 30 days (Table 1) . As a result, rainfall in the previous month has a significant impact on runoff in the present month; therefore, preprecipitation and pre-runoff were selected as flood predictors.
BP ALGORITHM PREDICTION MODEL
Sample organization
Materials provided by the Nierji station include monthly runoff data from 1970 to 2010, monthly precipitation data and 74 atmospheric circulation indexes. As mentioned above, many factors can influence runoff, and laws are changing accordingly in response to aggravated impacts of human activities 
Parameter selection
Network training adopts the method of the improved BP algorithm based on regulating limited supervising of the learning rate (Li et al. 2007 ). After repeated trial-calculation, the hidden layer nodes were determined as 50-30. Thus, the BP network employed had the topological structure 6-50-30-1, the "logsig" function in S-types as the transfer function, and a network initialization weight randomly generated at the interval of [-1, +1] . For input, samples with different physical quantities, dimensions and magnitudes were used; therefore, "normalization processing" was necessary, that is to say the input should be transformed to fit a minimum (0.10) and maximum (0.90) range.
The main parameters are shown in Table 3 . Training epochs were determined by the trialand-error method according to different study plans. When the error of training and testing samples decreased, the training epochs were increased, while when the error of testing samples increased, the time at which the training epochs were stopped increased. When the average error of network outputs is = 0.02, the network reaches its most reasonable simulating and testing accuracy. When the network output is one-dimensional, the estimation formula of the allowed network training error, ε is as follows:
where N is the sample size.
Simulation error statistic
The relative error of statistical training and testing of errors is defined as:
Flood season training sample information is given in Table 4 . Sample organization, network topological structure and parameter values of the BP algorithm for Plan P(1) are shown in Table 5 . As can be seen from Table 5 , both the training and testing errors are large and do not meet the requirements of practical projects. Nenjiang basin has obvious seasonal variations, so runoff in flood and non-flood seasons is very different both in source and performance. Therefore, forecasting plans should be improved based on physical cause analysis. Predictor is runoff with a two-month lead time (Fig. 2) 
PLAN IMPROVEMENT AND ACCURACY EVALUATION
Plan improvement
Considering period differences-P (2)
For detailed simulation of the runoff processes of the Nenjiang basin, monthly runoff during the main flood season (July-August) and non-flood season (November to March of the following year) was simulated-Plan P (2). Sample information is provided in Table 4 and network training and testing errors are given in Table 5 .
As shown in Table 5 , the training and testing errors of the main flood season and non-flood season (P(2)) were significantly reduced, and training and testing accuracy of the non-flood season was superior to those of the main flood season. The reasons for these differences may be as follows: river runoff during non-flood season results in aeration and increased water storage, and the decay process of aeration of stored water is slow but steady, so pre-runoff can better reflect the groundwater storage conditions. Furthermore, monthly runoff has good correlation in time series. The improvements above indicate that prediction models established based on runoff laws pertaining to the main flood and non-flood season can greatly enhance the training and testing accuracy of the final model.
Considering differences in water sources-P (3)
During the non-flood season, aerated stored water comprises the majority of runoff. For precipitation, recharge can be ignored; therefore, the pre-precipitation factor was removed from the six predictors. Accordingly, the network model structure was 5-50-30-1. During the main flood season, preprecipitation leads to a large amount of stored water becoming aerated, so underground runoff cannot be ignored; accordingly, predictors of the main flood season were the same as the original predictors. The network training and testing errors for Plan P (3) are shown in Table 5 . It should be noted that when the testing error is lower than the training error, testing accuracy is not viewed as better than the training accuracy.
As shown in Table 5 , in the non-flood season, plans which ignore pre-precipitation show better performance than those considering this predictor.
Considering hydrological processes-P (4)
All of the aforementioned plans have a onemonth lead time. However, the Nenjaing basin enters its rainy season in May and flood season in June, during which months precipitation has two sinks, one that forms surface runoff and another that infiltrates and supplies the aeration zone, then feeds into the channel in the form of underground water. Accordingly, predictors of hydrological processes during the main flood season (precipitation and runoff) have a twomonth lead time, as does that of the non-flood season (runoff). Because the influence time of atmospheric circulation is short (one month in general), the atmospheric circulation predictor has only a one-month lead time. As a result, the network simulation structure during the main flood season is 8-50-30-1, while that of the non-flood season is 6-50-30-1. Training and testing errors for Plan P (4) are listed in Table 5 .
As shown in Table 5 , the simulating and testing accuracy of the improved model were largely enhanced during both the main flood and the nonflood seasons. Moreover, the accuracy of simulation and testing for the non-flood season was greater than that for the main flood season.
To directly compare the improved and original results, calculated values of the testing samples and measured values of different plans are shown in Figs 1 and 2. As shown in these two figures, calculation accuracy was significantly enhanced by the improvement strategies. 
Accuracy evaluation
For hydrological information forecasting, the allowed errors of accuracy in quantitative mid-to long-term forecasting of flow quantity or water level are 10% of the multi-year amplitude (GB/T22482-2008). The multi-year amplitude of runoff in the main flood and non-flood seasons at Nierji station is 2629 and 177 m 3 /s, respectively; thus, the allowed forecasting errors during these seasons are 263 and 18 m 3 /s, respectively. If the range error falls within the allowed forecasting error, it qualifies as satisfactory. The accuracy of the evaluation results based on comparison of the actual water conditions and the predicted values is provided in Table 6 .
As shown in Table 6 , testing the forecasting results from 2001 to 2010 resulted in a qualified rate (percentage of total samples that qualified as satisfactory) of 45% and 72% during the main flood season and non-flood season, respectively. Moreover, the errors showed an increasing trend as record length increased. For example, testing forecasting results from the period 2001-2003 gave qualified rates of 50% and 93% for the main flood and non-flood seasons, respectively.
CONCLUSIONS
In this paper, the long-term hydrological and meteorological information of Nenjiang basin from 1970 to 2010 and sensitivity analysis of the dependence of runoff on atmospheric circulations in the study area were used to select four atmospheric circulation indexes with a one-month lead time as predictors of runoff: the northern hemisphere polar vortex area index, the B index of the Tibetan Plateau, the intensity index of the polar vortex in Asia and the Asian zonal circulation index. In addition, pre-precipitation and pre-runoff with a lead time of one or two months were selected as predictors. A mid-to long-term runoff forecasting model of the Nenjiang basin was then established using the artificial neural network approach. The results showed that the simulation and testing accuracy of the forecasting model was lowest when the time scale was a whole year and, therefore, it does not meet engineering needs.
After comprehensively analysing the physical causes of differences in runoff sources and evolution laws, three other factors were considered: division of the period into main flood season and non-flood season, differences in water recharge and hydrological process laws. Inclusion of these factors improved the forecasting model, resulting in average errors of testing values of 1.43 and 0.33 during the main flood season, and 0.39, 0.36 and 0.26 during the nonflood season. Thus, improvement based on physical cause analysis can enhance the simulation and testing accuracy of forecasting models, and the accuracy of forecasting for the non-flood season is greater than that for the main flood season.
During accuracy evaluation, the multi-year amplitude of runoff in the main flood and non-flood seasons of Nierji station were 2629 and 177 m 3 /s, respectively; thus, the allowed (10%) forecasting errors during the two seasons were 263 and 18 m 3 /s. Comparison of the actual water conditions and forecasting results from 2001 to 2010, to test the forecasting accuracy during the main flood and non-flood seasons, revealed that, for [2001] [2002] [2003] , respectively 50% and 93% of the forecasting errors qualified, while for 2001-2010, only 45% and 72%, respectively, were satisfactory. These findings indicate that precipitation and runoff laws of the basin are relatively stable; therefore, increases in time cause the precipitation and runoff laws to occur slowly and gradually reduce accuracy.
The results of this study indicate that predictor selection, nonlinear relation simulation and physical A great deal of work has been conducted to improve the simulation ability of models. For example, to improve flood forecasting accuracy, Chen (2010) used the decision group backpropagation network (DGBPN), while Yang and Chen (2009) integrated the linear transfer function (LTF) and self-organizing map (SOM) to efficiently determine the intervals of weights and biases. In addition, Odan and Reis (2012) used the multilayer perceptron with the back-propagation algorithm (MLP-BP) for water demand forecasting, while Anctil and Tape (2004) used an artificial neural network and wavelet hybrid model for rainfall-runoff forecasting. Although simulation methods are important, it is also necessary to distinguish the runoff formation mechanisms and main impact factors, then further abstract and generalize the physical processes of hydrological phenomena. This information can then be used to design scientific and reasonable prediction plans, thus improving the simulating and forecasting accuracy. For example, in Nenjiang basin, there are obvious seasonal variations in precipitation, and the main factors that influence runoff and impact on the sequences in flood and non-flood seasons are different. Therefore, runoff forecasting during different periods, selecting key predictors and determining lead times of predictors can all enhance the simulation and testing accuracy of the forecasting model.
